The use of data-independent acquisition methods such as SWATH for mass spectrometry based proteomics is usually performed with peptide MS/MS assay libraries which enable identification and quantitation of peptide peak areas. Reference assay libraries can be generated locally through information dependent acquisition, or obtained from community data repositories for commonly studied organisms. However, there have been no studies performed to systematically evaluate how locally generated or repository-based assay libraries affect SWATH performance for proteomic studies. To undertake this analysis, we developed a software workflow, SwathXtend, which generates extended peptide assay libraries by integration with a local seed library and delivers statistical analysis of SWATH-quantitative comparisons. We designed test samples using peptides from a yeast extract spiked into peptides from human K562 cell lysates at three different ratios to simulate protein abundance change comparisons. SWATH-MS performance was assessed using local and external assay libraries of varying complexities and proteome compositions. These experiments demonstrated that local seed libraries integrated with external assay libraries achieve better performance than local assay libraries alone, in terms of the number of identified peptides and proteins and the specificity to detect differentially abundant proteins. Our findings show that the performance of extended assay libraries is influenced by the MS/MS feature similarity of the seed and external libraries, while statistical analysis using multiple testing corrections increases the statistical rigor needed when searching against large extended assay libraries. Data Independent Acquisition (DIA) 1 mass spectrometry workflows are gaining increasing use for proteomic analysis of model systems (1-8). The first integrated DIA and quantitative analysis protocol, termed SWATH (2) was shown to offer accurate, reproducible, and robust proteomic quantification (9 -14). DIA offers advantages over conventional IDA methods (15) by overcoming the stochastic, intensity-based selection of peptide precursors-a problem which typically leads to inconsistent peptide detection and quantitation between replicate runs. By overcoming this problem, DIA is highly suited for large-scale comparative analyses as gaps in data points between samples are mostly eliminated. These digital, extensive proteome maps can be repeatedly mined for quantitative data by extracting ion chromatograms of defined peptides postacquisition, and yields fewer quantitative missing (NA) values than IDA. An important concept in DIA analysis is use of a LC-retention time referenced spectral ion assay library to enable peptide identification from DIA generated multiplexed MS/MS spectra (10, 13, 16) . The depth and quality of this spectral reference library directly correlates with experimental outcome, therefore we consider it is essential to explore and understand this variable in detail.
Data Independent Acquisition (DIA) 1 mass spectrometry workflows are gaining increasing use for proteomic analysis of model systems (1) (2) (3) (4) (5) (6) (7) (8) . The first integrated DIA and quantitative analysis protocol, termed SWATH (2) was shown to offer accurate, reproducible, and robust proteomic quantification (9 -14) . DIA offers advantages over conventional IDA methods (15) by overcoming the stochastic, intensity-based selection of peptide precursors-a problem which typically leads to inconsistent peptide detection and quantitation between replicate runs. By overcoming this problem, DIA is highly suited for large-scale comparative analyses as gaps in data points between samples are mostly eliminated. These digital, extensive proteome maps can be repeatedly mined for quantitative data by extracting ion chromatograms of defined peptides postacquisition, and yields fewer quantitative missing (NA) values than IDA. An important concept in DIA analysis is use of a LC-retention time referenced spectral ion assay library to enable peptide identification from DIA generated multiplexed MS/MS spectra (10, 13, 16) . The depth and quality of this spectral reference library directly correlates with experimental outcome, therefore we consider it is essential to explore and understand this variable in detail.
The reference assay library should contain all the prior knowledge of the peptide components to be extracted from the SWATH data. Thus, assay library generation is one key challenge and limitation of this approach (17) . Reference assay libraries must be species-specific and be of sufficient compositional depth to enable extensive peptide identification from DIA experiments. A common approach to establishing a reference assay library involves numerous IDA experiments, usually using fractionated samples to create library depth. It is acknowledged that library building is time consuming, and for some samples, such as plasma which have a large dynamic range of protein abundances, IDA fails to have the penetrance to detect less abundant proteins in the sample (14, 18) . To underscore this point, it should be clearly recognized that a peptide must be present within an assay library for it to be detected and quantitated using the SWATH workflow with reference libraries. An alternate approach to samplebased, locally generated assay libraries is to use archived data available in-house or from external public data repositories. For many commonly examined species (e.g. human, yeast), extensive libraries are readily available in public data repositories (9, 10, 19 -21) . Recently, studies have demonstrated that combined assay libraries can be used for SWATH data extraction (22) , and a few software tools and protocols have been proposed for creating combined assay libraries (17, 23, 24) . Despite these developments there have been no studies performed to systematically evaluate the effect of local and extended assay libraries on SWATH proteomics quantification performance.
To undertake this systematic evaluation of assay library performance we developed a practical and easy-to-use software workflow, which we call SwathXtend. Used in combination with PeakView V2.1 SWATH app (SCIEX) (25) or Open-SWATH (23) , this software covers all major components of in-silico processes in a SWATH workflow, from extended assay library building to final statistical analysis and reporting. Extended libraries are built from a locally generated seed library, which is combined with other libraries, including inhouse archived assay libraries or externally acquired entire proteome repository libraries. As only some of the pre-existing repository libraries have spiked reference iRT peptides (26) , SwathXtend encompasses alternative methods for automatic LC peptide retention time calibration by using supervised learning based retention time regression or hydrophobicity-based regression. Other features of SwathXtend include library cleaning by removing user-specified low confidence and low intensity spectra, optional inclusion of peptide modifications and enzymatic miss-cleavages, compatible library formats with commonly used DIA software including PeakView and OpenSWATH, and protein accession consolidation by merging duplicated protein accessions in heterogeneous formats. The statistical analysis part of the software automates the quantitative analysis of protein expression levels starting with the ion peak areas through to the identification of differentially expressed proteins using SWATH peak extraction results exported from PeakView. In this study, we used SwathXtend to build and assess the performance of various assay libraries using a set of purposefully designed human/yeast sample mixtures for quantitative assessment. These assessments included: (1) number of proteins and peptides extracted, (2) the ability to correctly detect differently expressed proteins, (3) detection consistency between locally generated and extended libraries, (4) the quantification accuracy, and (5) reporting thresholds for statistical analysis.
EXPERIMENTAL PROCEDURES
Experimental Design and Statistical Rationale-Tryptic peptides of whole-cell protein extracts from yeast (Saccharomyces cerevisiae) and human (K562) cells were purchased from Promega, Madison, WI (Cat # V7461 and V6951). Both extracts had been reduced with dithiothreitol, alkylated with iodoacetamide and digested with trypsin/ Lys-C mix by the manufacturer. The yeast and human samples were reconstituted in 0.1% formic acid at 0.1 g/l concentrations and stored in 10 l aliquots. To make yeast-spiked-human samples, appropriate amounts of yeast protein digest were added into 1 g human protein digest, making three groups of samples that contained 2%, 5%, and 10% yeast (W yeast /W human ϫ 100%) respectively in 0.05 g/l of human protein digest. Quantitative comparisons between the three yeast-spiked human samples yield theoretical ratios of ϳ0.2, 0.4, and 0.5 (exact ratios 0.21, 0.41, 0.52 respectively). All SWATH mass spectrometry acquisitions and statistical analyses were conducted using three technical replicates for each group of samples.
Local IDA Data and SWATH Data Acquisition-Local IDA data and SWATH-MS data were acquired on a 5600 TripleTOFϩ mass spectrometer (SCIEX, Framingham, MA) (termed 5600 -1) coupled with an Eksigent Ultra-nanoLC-1D system (Eksigent, Dublin, CA) using identical chromatography conditions. Ten microliter peptide samples were injected onto a peptide trap (Bruker peptide Captrap) for preconcentration and desalted at 10 l/min for 5 min with 0.1% formic acid and 2% acetonitrile. After desalting, the peptide trap was switched in-line with an in-house packed analytical column (75 m ϫ 10 cm of solid core Halo C18, 160 Å, 2.7 m media (Bruker, Bruker Manning Park Billerica, MA)) and fused silica PicoTip emitter (New Objective, Woburn, MA). Peptides were eluted and separated from the column using the buffer B (99.9% (v/v) acetonitrile, 0.1% (v/v) formic acid) gradient starting from 2% and increasing to 30% over 100 min at a flow rate of 300 nL per minute. IDA data were acquired for the pure human sample, for pure yeast sample, and for 5% yeast-spiked human sample. In IDA mode, a TOFMS survey scan was acquired at m/z 350 -1500 with 0.25 s accumulation time, with the ten most intense precursor ions (2 ϩ -5 ϩ ; counts Ͼ 150) in the survey scan consecutively isolated for product ion scans. Dynamic exclusion was used for 20 s. Product ion spectra were accumulated for 200 milliseconds in the mass range m/z 100 -1500 with rolling collision energy (0.0625 ϫ m/z -3 for z ϭ 2, 0.0625 ϫ m/z -4 for z ϭ 3, and 0.0625 ϫ m/z -5 for z ϭ 4 and z ϭ 5). SWATH data were acquired three times for each group of the yeast-spiked human samples. In SWATH mode, TOFMS survey scans were acquired (m/z 350 -1500, 50 milliseconds) followed by 60 product ion scans with predefined consecutive variable Q1 windows from m/z 400 to m/z 1250 which were determined based on precursor m/z frequencies in the IDA data of human sample; details are included in supplemental Information S1. Product ion spectra were accumulated for 60 milliseconds in the mass range m/z 350 -1500 with rolling collision energy for lowest m/z in Q1 window (assuming z ϭ 2) ϩ10%.
IDA Data Acquisitions Using Different Instruments-To test SWATH extended libraries built on IDA data from different instruments, we further acquired IDA data for 1 g pure human sample and 1 g pure yeast sample on three other different mass spectrometers. The first one was a second, independent 5600 TripleTOF mass spectrometer (termed 5600 -2) which had a different chromatography profile from 5600 -1 (supplemental Information S2). The second instrument was a 6600 TripleTOF (SCIEX) coupled with a NanoLC TM ultra and cHiPLC® system (200 m ϫ 0.5 mm nano cHiPLC trap column and 15 cm ϫ 200 m nano cHiPLC columns ChromXP TM C18-CL 3 m 120 Å; Eksigent, part of SCIEX). The same IDA data acquisition parameters were used for 5600 -2 as used for 5600 -1. For IDA data acquisition on 6600 TripleTOF, 10 l sample was loaded onto the trap and desalted for 5 min at 10 l/ml flow using loading buffer (2% acetonitrile and 0.1% formic acid). After desalting, the sample was subjected to a 120 min increasing acetonitrile gradients (5% to 40%; 99.9% acetonitrile 0.1% formic acid) at flow rate 600 nL/min for analytic separation and MS data acquisition. After a TOFMS survey scan from 350 -1500 m/z, the 20 most intense m/z values exciding a threshold Ͼ 200 counts per second (cps) with charge states between 2ϩ and 4ϩ were selected for product ion scans (100 -1500 m/z) with 100 msec accumulation time and 30 s dynamic exclusion. Rolling collision energy setting for product ion scans were 0.05 ϫ m/z ϩ 4 for z ϭ 2, 0.05 ϫ m/z ϩ 3 for z ϭ 3, and 0.05 ϫ m/z ϩ 2 for z ϭ 4. The third instrument was an Orbitrap Elite coupled with Easy-nLC 1000 (Thermo Scientific, Waltham, MA). The mobile phase A consists of 0.1% formic acid and B consists of 99.9% acetonitrile/0.1% formic acid. Sample was loaded on a peptide trap (in house packed Halo ® 2.7 m 160 Å ES-C18, 100 m ϫ 3.5 cm) and separated with analytical column (in house packed Halo ® 2.7 m 160 Å ES-C18, 75 m ϫ 10 cm) at flow rate 550 nL/min and gradient from 3% B to 36% B in 100 min. MS/MS data were acquired in CID FTMS mode for 10 most intense precursor ions following a survey scan. Precursor isolation width was 2.00 m/z, normalized collision energy was 30.0, activation Q was 0.25 and activation time 10 ms.
Assay Library Generation-Seven single and five extended assay libraries were used in this study. Among the single libraries, five were in-house generated libraries and two were downloaded from public MS spectral repositories. The five extended libraries were generated by integrating two or more of these single libraries to serve our evaluation purpose. All libraries only contained b and y type ions with no water losses, precursor charge states of 2 to 5 and fragment ion charge states 1 and 2.
IDA Data Based SWATH Library Generation-IDA MS/MS data were subjected to database searches by ProteinPilot (V5.0, SCIEX) using the Paragon algorithm. Human (Homo sapiens) and yeast (Saccharomyces cerevisiae) reviewed protein databases were downloaded from UniProtKB (August 2014 version) and the two downloaded databases were merged making a new Yeast-Human database with 43,389 entries. This Yeast-Human database was used for database searches. The search parameters were as follows: sample type: identification; Cys alkylation: iodoacetamide; digestion: trypsin; special factors: none; ID focus: allow biological modifications. The group files from the database searches were loaded to PeakView (V2.1 with SWATH Quantitation plug-in) and exported as libraries in CSV format.
Extended Library Generation-We proposed a general workflow for local-library-based assay libraries integration. This workflow takes a seed library, usually a local spectral library which was generated with SWATH data using the same instrument and the same chromatography condition, and one or more add-on libraries as inputs to generate an extended library. All candidate assay libraries were first subject to a cleaning process which removes low confident peptides and low intensity ions by user-defined thresholds. Peptide confidence is based on the number of matches between the data and the theoretical fragment ions. Relative ion intensity is based on the fragment ion counts. These values are calculated by the protein identification search engine (ProteinPilot). The default values for these two thresholds are 99% for peptide confidence and 5 for ion intensity. This cleaning process not only improves the spectra quality that will be included in the final library but improves the efficiency of SWATH data extraction by significantly reducing the library size as well. The cleaned libraries undergo a quality checking to ensure that the fragment ion relative intensity match well between the add-on library and the seed library. Various measurement methods can be used to quantify the similarity of fragment ion spectra (27) . In SwathXtend, we adopt Spearman rank correlation, , as a measurement of the fragment ion relative intensity matching quality between two libraries (28) .
For those add-on libraries that pass the quality checking (median of is greater than 0.7), their precursor retention time will be aligned to the seed library. We adopted two approaches for retention time alignment: retention-time based and hydrophobicity plus sequence based. The first approach requires (1) both the seed and the add-on libraries have existing retention times for all peptides; (2) the existence of a reasonable number of common peptides between the seed and add-on libraries; (3) good retention time correlation (R 2 Ͼ 0.8) between the seed and add-on libraries. The second approach only uses peptide sequences and their hydrophobicity index in seed and candidate libraries. Hence, this approach can be applied when the add-on library has missing or inaccurate retention time. We use SSRCalc (29) to compute the peptide hydrophobicity index. The aligned add-on libraries are then merged with the seed library to form an integrated assay library. For peptides of conflicting or overlapping spectra between seed and add-on libraries, only seed library spectra are kept; in another word, if the same peptide appears in both seed and add-on libraries, only the spectra from the seed library will be kept in the extended library for this peptide. The function buildSpectraLibPair and buildSpectraLibTriple in the R package SwathXtend can be used to build an integrated assay library by using a seed and one or two add-on libraries, respectively. This package is available in supplemental SwathXtend package or downloadable from BioConductor (30) .
SWATH Peak Extraction-PeakView V2.1 with SWATH quantitation plug-in (SCIEX) was used to extract SWATH MS peak areas with each of the libraries in our study. PeakView uses a set of processing settings to filter the ion library and determine which peptides or transitions should be used for quantification. These settings include the maximum number of peptides per protein to be included from the imported ion library; the number of transitions or fragment ions per peptide; a peptide confidence threshold in percentage which used to remove the peptides with a confidence below; a False Discovery Rate (FDR) in percentage, which is used to filter the SWATH extraction results and only export the peptide peak groups with a false positive rate below; XIC (Extracted Ion Chromatogram) retention time window and mass tolerance window for RT and m/z tolerance to pick the transitions. We evaluated these parameters based on the criterion of maximum number of peptide and protein identifications by using the gold-standard assay library, Lib1 (supplemental Table S1 ). Shared and modified peptides were excluded. The parameters that performed best in the tests were then applied to SWATH data extractions for all tested libraries. After SWATH peak extraction, the transition ion peak areas, peptide peak areas and protein peak areas were exported in Excel format for further statistical analysis.
Statistical Analysis-The ion peak areas exported by PeakView for each sample were normalized by total area normalization. Specifically, the total sum of all ion intensities for each sample was calculated, and the maximum of those totals determined. The ion intensities of each sample was divided by the ratio of (total ion intensities)/ (maximum total ion intensity), ensuring that the normalized ion intensities sum up to the same amount for all samples. The normalized ion data was then summed by peptide and protein, which we refer to as peptide peak area and protein peak area. Two other types of data normalization were evaluated: median and MLR. For median normalization, each sample was scaled to have the median equal to the maximum median ion intensity. For MLR normalization the procedure used is described in detail in (31) .
Two approaches were evaluated for determining differentially expressed proteins: the simple approach of working with the protein level quantitation only, and the second working with the peptide level quantitation separately for each peptide. For the protein level approach, differential expression was assessed by a two sample t test or ANOVA of the log transformed normalized protein peak areas. Natural logs (base e) were used throughout. The fold change (FC) ratio between any two conditions was calculated as the ratio of geometric means of the sample replicates, which corresponds to calculating the normal arithmetic ratio of log-transformed areas and back-transforming.
For the peptide level approach fold changes between the two categories were determined for each peptide separately as the ratio of average abundances in the two different categories, and then differential expression was assessed by a one sample t test of all log-transformed peptide fold changes corresponding to a particular protein. The advantage of using the peptide approach is that peptides of lower intensity can contribute without being dwarfed by the high intensity peptides; the disadvantage is that at least two different fold changes, hence two different peptides are necessary for the calculation of the one sample t test in this scenario, hence single peptide proteins cannot be considered as differentially expressed. The protein-level fold change was calculated as the geometric average of individual peptide-level fold changes.
For the pairwise comparisons, a grid of possible fold-change and p value cutoffs were considered for each library and each comparison, with possible fold change cutoffs ranging from 1.1 to 2, and p value cutoffs ranging from 0.01 to 0.2. For the case of the ANOVA proteinlevel analysis, a maximum fold change was calculated as the ratio of the largest group mean to the lowest group mean; in the context of an ANOVA analysis, whenever the term "fold change" is used it refers to the maximum fold change. Additionally, two multiple testing correction methods were evaluated, the Bonferroni correction and the Benjamini and Hochberg FDR-correction (32) .
Two simple metrics were generated for across-library comparisons. The first metric took the top 100 proteins ranked in order of the increasing ANOVA p value and evaluated the quantification false discovery rate (qFDR) in this reduced list. The second metric identified the top N proteins yielding ϳ10% qFDR using the same increasing ANOVA p value order.
RESULTS
The purpose of this study was to use various peptide MS/MS assay libraries of different origins and complexities and assess how this impacts on SWATH-MS quantitative performance for analysis of complex biological samples. We examined the use of locally generated peptide MS/MS assay libraries and compared these to external reference libraries housed in public data repositories. To assess the quantitative performance of SWATH-MS to detect differentially abundant proteins among samples, we purposefully designed an experiment that mixed peptides of yeast extracts into trypsinized K562 human cell extracts in specific ratios to artificially create differentially abundant proteins in the sample mixture. Using this approach, we assessed: (1) the number of peptides and proteins extracted with each different peptide MS/MS reference assay library; (2) the quantitation false discovery rate (qFDR), which we define as the detection rate specificity for true/false assignment of differentially expressed proteins; (3) SWATH quantification accuracy (comparing the average quantitation obtained experimentally with the theoretical expected fold changes) for different library complexities. To undertake these analyses, we developed an R based software package called SwathXtend. This software integrates into SWATH analysis workflows as shown in Fig. 1A . The specific steps of SwathXtend for extending reference libraries are shown in Fig. 1B .
This study utilized seven peptide MS/MS assay libraries as shown in Fig. 2 . These libraries can be broadly defined as locally generated or externally generated. Local libraries refer to those built from IDA data using the same chromatography and mass spectrometry conditions as we subsequently used for SWATH analysis. The library can be further described as being "extensive" or "limited" according to the number of yeast spectra contained within. The external libraries are classified into three categories: MS instrument specific and sample specific, sample specific only and near-complete species specific proteomes. To build the extensive local library, Lib1, we acquired one 1D nanoLC-MS/MS IDA analysis of the pure human K652 sample, and independently, one 1D nanoLC-MS/MS IDA analysis of the pure yeast sample on a TripleTOF 5600 ϩ (5600 -1). When merged together, Lib1 contained 1146 human proteins and 770 yeast proteins. Normally, such a library with extensive detection of proteins known to change in abundance between samples cannot be practically obtained as it specifically relied on obtaining spectra of the differentially expressed yeast proteins independently from the background human proteins. Lib 1 is therefore termed our "gold-standard" library to be used as a benchmark for comparisons as it contained a large number of yeast and human spectra despite the relative low abundance of yeast proteins in the mixed samples.
Lib2 is a limited local library. This library simulates the common cases encountered in proteomics discovery projects in which most differentially expressed proteins are found in low abundances. For Lib2, two 1D nanoLC-MS/MS IDA data were acquired on the mixed sample that contained 5% (w/w) yeast spiked into the K562 human cell sample. In this library, due to the low relative abundance, only 16 yeast proteins were detected in a background of 983 human proteins. Clearly, the low number of yeast proteins contained in the library severely limits the capacity to detect the differentially abundant proteins. We used Lib2 as a seed library to generate more extensive libraries to evaluate how these might impact on SWATH quantitative performance.
Lib3, Lib4, Lib5, Lib6, and Lib7 are external libraries. Lib3 refers to an instrument and sample specific external library. Like Lib1, it was generated from one 1D nanoLC-MS/MS IDA run of the pure human sample and one run of the pure yeast sample, but used a different TripleTOF 5600ϩ instrument (5600 -2). Lib 3 contained 972 human and 640 yeast proteins. This represents a situation where the extensive IDA data used to build the library (for example 2D LC IDA data or longer gradient IDA data) were acquired with the intention to use it to mine pre-existing SWATH data. Thus, the peptide LC retention time in Lib3 is different from those obtained with the SWATH data. Lib4 is a sample specific external library. It was made from IDA of one independent run of yeast, and separately, the human cell lysate using a TripleTOF 6600 instru-ment with ChipLC (2725 human and 1883 yeast proteins, respectively). This instrument provides greater sensitivity than the TripleTOF 5600ϩ. Lib5 and Lib6 represent proteome wide large external libraries. Lib5 is a recently reported extensive human proteome assay library of ϳ10000 proteins (10), while Lib6 is a near-complete yeast proteome assay library which contained ϳ 83% of the predicted yeast proteome (9) . Lib7 is a sample specific external library generated using IDA on an Orbitrap Elite instrument with CID fragmentation from an independent acquisition of yeast and human K652 cell lysate.
Using the local limited library, Lib2, as a seed, we merged the external libraries and created extended libraries Lib2_3, Lib2_4, Lib2_5_6, and Lib2_7. Lib6 has a median of four fragment ions per peptide, whereas the other six libraries have a median of 13 to 22 ions per peptide depending on the specific library (supplemental Information S3). We also evaluated another utility of an external library only library, Lib5_6 (no locally generated seed library). This library was made by combining Lib5 and Lib6 using Lib5 as the seed library.
We evaluated the time-based and hydrophobicity-based retention time alignment methods and the results are reported in supplemental Information S4. Our evaluation results show, for this study, the time-based method outperforms the hydrophobicity-based method. Therefore, we used the time based method for retention time alignment throughout this study.
Peptides and Proteins Extracted Using Various Reference
Libraries-We first performed thorough testing of various FIG. 1. SWATH workflow integrating SwathXtend software package. A, Sample replicates undergo IDA and SWATH data acquisition separately. IDA data is used to generate a local spectral reference library. Extended assay libraries can be produced by combining the local library with archived IDA data or external assay libraries. SWATH acquisition data is extracted by using the local or extended assay libraries. Data extracted from matches of peptides in the library enable quantitation and statistical analysis to identify differentially abundant proteins. SWATH data can be re-used to perform target proteomics validation. B, SWATHXtend workflow takes a seed library, which is usually a locally generated spectra library, and one or more add-on libraries which are subjected to an optional cleaning process to remove low confidence and low intensity peptide ion spectra. The cleaned libraries undergo a quality checking to ensure that the add-on library and the seed library have good matching quality in terms of retention time and relative ion intensity. All quality libraries undertake ion intensity normalization and supervised learning based retention time alignment. For peptides of conflicting or overlapping spectra between seed and add-on libraries, only seed library spectra are kept. Protein accessions are consolidated by merging duplicated protein accessions in heterogeneous formats. The extended libraries can be output in PeakView or OpenSwath compatible format.
PeakView parameter settings for SWATH data extraction by using the gold-standard library, Lib1 (supplemental Table S1 ). The evaluation criteria included the total number of peptides extracted, total number of proteins extracted and the number of yeast proteins extracted. We concluded that the optimal parameter settings for SWATH extraction using this library was: (1) the maximum number of peptide per protein to be included from the imported library as 100, (2) the number of fragment ions per peptide as 6, (3) peptide identification confidence setting as 99%, (4) SWATH FDR for exported peak group detection, calculated by using a decoy strategy tailored to the targeted analysis of DIA (2, 33) as 1%, (5) XIC RT window for picking the peptide transitions as 10 min, and (6) XIC mass window, a tolerance m/z for the targeted transition, as 75 ppm. Shared and modified peptides were excluded.
Using this optimal parameter set, SWATH data was extracted using local libraries, Lib1 and Lib2, and extended libraries, Lib2_3, Lib2_4, Lib2_5_6, Lib2_7, and Lib5_6. For all local or local-seeded libraries, i.e. Lib1, Lib2, Lib2_3, Lib2_4, Lib2_5_6, and Lib2_7, the SWATH data extraction process was facile and rapid because of the pre-aligned library retention time. However, when the external standalone library (Lib5_6) was used for SWATH data extraction, this required peptide retention time alignment as an initial step. As iRT peptides were not included in our SWATH data, this required choosing appropriate retention time calibration peptides. This was carried out by extracting SWATH data for one sample (10% yeast) using a 50 min retention time window. Twentytwo peptides that had 0 FDR, peptide peak area greater than 1.5 ϫ 10 6 , and unique retention times across the chromatogram gradient were manually checked and selected as calibration references. The retention time calibration was then applied to all peptides in the library and used for extraction of all SWATH raw data files. Table I shows the number of peptides and proteins obtained from these extractions for all test samples. Compared with the local limited library, Lib2, all extended libraries increased total number of proteins extracted. For human proteins there was a near threefold improvement when extended libraries were used, from 962 (Lib2) to ϳ2940 (Lib2_5_6 and Lib5_6). For detecting yeast proteins which are present at a maximum of 10% in the human-yeast mixed samples, dramatic improvements were seen, from only 16 proteins detected using the library generated by IDA with the mixed sample, to ϳ400 proteins using the extended library that contained many more yeast protein spectra. Compared with the "gold-standard" locally generated IDA-based library, Lib1, the extended libraries showed a comparable and often
FIG. 2. Assay library categories and composition.
A, The assay library categories we used in this study. Lib1, the local extensive spectral library, serves as a "gold-standard" in this study; Lib2, a local limited spectral library serves as a seed library to generate extended assay libraries; Lib3, an external instrument and sample specific library; Lib4, an external sample specific library; Lib5 external, near-complete, human proteome library; Lib6, external, near-complete, yeast proteome library; Lib7, an external sample specific Orbitrap library. B, The number of human proteins and yeast proteins in each library.
greater extraction performance. Because the local extensive library, Lib1, was generated by a single1D nanoLC-MS/MS IDA run of human and yeast samples separately, it does not contain a comprehensive list of human proteins, but contains most yeast proteins that were detectable from the SWATH data which were acquired for yeast-human mixed samples. Increasing the library size dramatically increased the number of human peptides extracted, however, the extraction of yeast proteins plateaued at ϳ400 proteins even though extended libraries Lib2_4, Lib2_5_6, and Lib5_6 possess many more yeast peptide reference spectra. We attribute this detection plateau to the low relative abundance of yeast proteins in the test samples (2%, 5 and 10% w/w), where many of these proteins could not be confidently detected in the mixed sample because of low relative signal intensity compared with the far greater number of human peptides that are in higher molar abundance. The extracted results including protein identification and peak intensity can be found in supplemental SwathXtend package.
Specificity to Detect Differentially Abundant Proteins-In the context of this benchmarked dataset we can evaluate with precision the performance of different statistical approaches to correctly detect differentially abundant proteins from SWATH data sets. We determined the number of true positives (TP, i.e. yeast proteins identified as differentially expressed), false positives (FP, i.e. human proteins identified as differentially expressed) and computed the quantitative FDR (qFDR) (qFDR ϭ FP/(TP ϩ FP)). Note, qFDR as defined is distinct from identification FDR commonly used in 'omics data analysis. We first evaluated the overall change across the three experimental conditions (2% versus 5%, 2% versus 10%, 5% versus 10% yeast spiked samples) by an analysis of variance (ANOVA) conducted separately for each individual protein using the total area normalized data, for all assay libraries (Table II) . Some additional multivariate analyses were also undertaken for all libraries to examine the overall data set quality. Boxplots and density plots showed the overall data distribution, and PCA plots were used to assess variability among replicates. The differentially expressed proteins identified by ANOVA were clustered and revealed the expected patterns, for both the locally generated and extended libraries (supplemental Fig. S1 ). Full results of ANOVA tests for each library are available in supplemental Table S2 .
In the context of an ANOVA analysis, we assessed the impact of using the multiple testing corrections methods most commonly used in proteomics (34) (Benjamini and Hochberg FDR-correction and Bonferroni; the Storey Q-value was also assessed and behaved similarly to BH -supplemental Table  Qvalue ) and incorporating a fold-change threshold as a requirement for differential expression (Table II) . Overall, all criteria have similar effects for all libraries. Though the multiple testing corrected p values yields very low qFDR, it is too stringent at the conventional 0.05 cutoff resulting in significant loss of TP proteins. Using uncorrected p values coupled with a fold change requirement achieves a much higher number of TPs for this data set with an acceptably low qFDR. The results also show that, for the local extensive library, multiple testing p value correction has little effect on decreasing qFDR, whereas for extended libraries, it does. This is not surprising since the extended libraries have a much larger proportion of proteins with no change in expression levels (human proteins) and the p value corrections work as expected to limit the chance of FPs there.
The criterion of ANOVA BH FDR-adjusted p value Ͻ 0.05 and FC Ͼ 1.5 yields a very low qFDR of less than 5% for all libraries considered, though at the expense of having fewer TPs. However, for this study the simple criterion of uncorrected p value Ͻ 0.05 coupled with FC Ͼ 1.5 provides low qFDR for the local extensive library and extended instrument and sample specific library, and a larger set of TPs identified (Table II) .
In addition, Table II includes a simple ranking-based evaluation of the libraries: the performance of the top 100 proteins in increasing p value ranking, and the top proteins guaranteeing a qFDR of ϳ10%. Although such criteria cannot be applied to other experiments where the true positives are not known, in the current experiment they serve to show the best performance is achieved using with the gold-standard library and this is comparable to that of Lib 2_3, followed by the external library Lib2_5_6, Lib2_4, Lib5_6, Lib2_7, and lastly Lib2. These results are consistent with the qFDR method based on fold change and p value cutoffs. Interestingly, this shows that at a fixed 10% qFDR, the external standalone library (Lib 5_6) detected ϳ 60% of the number of TPs found in the "gold-standard" local library Lib1, however this can be enhanced to 74%, by simply incorporating a locally generated seed library (Lib2_5_6). The assay library generated with an Orbitrap instrument by CID performed poorly when used to match against TripleTOF SWATH data (Ͻ40% of the TPs found in Lib1). Detection Consistency for Differentially Abundant Proteins-We further investigated the consistency of detecting differentially abundant proteins for each reference assay library. This evaluation was based on the set of TP proteins (yeast proteins classified as differentially expressed based on ANOVA p value Ͻ 0.05 and FC Ͼ 1.5 at the protein level) detected using local (Lib1) and extended assay libraries (Lib 2_3, Lib 2_4, Lib 2_5_6, Lib2_7, and Lib5_6). As shown by Venn diagrams in Fig. 3 there is a high overlap of TP proteins detected using the local extensive library and extended libraries, confirming that use of extended libraries are feasible to correctly detect many of the differentially expressed proteins that are discovered by using the local extensive library, Lib1. Nonetheless, it is also evident that as the library size increases there is concomitant loss of some TP proteins, as much as 25% decrease in TP detection compared with using the "gold-standard" local library, Lib1. The heat maps and examples of ion chromatographic data in supplemental Fig. S2 show the protein expression levels for the exclusive TP proteins detected using extended libraries. For most proteins, the abundance levels agree with the expected change patterns for these sample comparisons. This trend supports the view that most of the exclusive TP proteins detected by the extended libraries are valid differentially abundant proteins. Pairwise Comparisons-In the previous sections, we examined the detection of changes in protein levels for all three spiked samples in one analysis by using ANOVA. Here, we consider in more detail three pairwise comparisons, 2% to 5%, 2% to 10 and 5% to 10%, for various libraries (Table III and supplemental Fig. S3 ). In each case we undertook both protein level analyses and peptide level analyses, where a fold change is generated for each peptide identified for each protein separately and the results from multiple peptides belonging to the same protein are combined. The peptide level approach is stricter because it requires a minimum of two peptides per protein, but should better account for contribu- tions from lower intensity peptides. We allowed a range of p values and fold change thresholds to be considered, and also examined the effect of BH-FDR multiple testing corrections for all libraries, where we highlight and regard 10% qFDR as an acceptable false quantitation level that would be found in contemporary proteomic data sets using the reporting thresholds we tested (A subset of these results are shown in Table  III and the full results are in supplemental Table S3 ). It should be pointed out that qFDR is undefined in proteomic discovery experiments as TP and FP are unknown. By using the reporting thresholds described below we can extrapolate qFDR reported here to prospective proteomic studies. We now find that for the local extensive library, Lib 1, and extended instrument and sample specific library, Lib 2_3, using a reporting threshold commonly used in proteomics (uncorrected t test p value Ͻ 0.05 and FC Ͼ 1.5) still ensures qFDR Ͻ10% for all comparisons at the protein level, except the more challenging situation of 2-5% spiked yeast comparison (Table III) . We find that the peptide level analysis generates a lower qFDR in all cases, but at the expense of significantly fewer TPs. For most of the extended libraries, qFDR Ͻ 10% and maximizing TPs can still be achieved by using the peptide level and by raising the fold change threshold to 2.
Quantification Accuracy-Our experimental design allowed for the assessment of SWATH quantitation accuracy. All human proteins were expected to be detected at an approximate 1:1 ratio in each of the samples, whereas the yeast proteins were expected to be detected at approximate ratios of 0.2 (fivefold), 0.4 (2.5-fold), and 0.5 (twofold) respectively for each of the comparisons. The mean detected fold changes and standard deviations (S.D.) for the human proteins were very close to the expected and are tabulated in supplemental  Table S4 . The quantitation means and S.D. for the TP yeast identifications is tabulated in Table IV for each of the libraries in this experiment (based on the protein level analysis, p value Ͻ 0.05 and FC Ͼ 1.5).
The volcano plots in Fig. 4 demonstrate the quantification accuracy for different classes (TP, FP, TN, FN) of yeast and human proteins for three pairwise comparisons by using the data extracted with Lib1. The bold purple vertical line in each plot shows the expected intensity ratios for each comparison, i.e. ϳ0.4 (2% to 5%), 0.2 (2% to 10%), and 0.5 (5% to 10%), respectively. For comparison 1 (2% to 5%) and comparison 2 (2% to 10%), most of the yeast protein intensity ratios are all compressed, i.e. closer to 1 than the expected ratios. However, for comparison 3 (5% to 10%), most of the ratios are closer to the expected ratio. This can be explained that, in the case of one of the samples in the comparison has low abundance, the SWATH quantification ratios will be reduced due to contribution of background noise in the extracted peak areas; when samples in the comparison have a relatively high abundance, the quantification ratios are very close to the expected ratios. Volcano plots for the extracted data with the extended libraries can be found in supplemental Fig. S4 . DISCUSSION SWATH-MS is demonstrated to provide accurate, robust and reproducible proteomic quantification. In the most widely deployed SWATH workflow a high quality reference assay library is required to deconvolute the mixed MS/MS spectra to enable peptide identifications. Establishing such a comprehensive peptide assay library in a local environment can require numerous IDA runs to build sufficient depth. Re-using archived peptide assay libraries to build new assay libraries for a specific SWATH experiment has been proposed (17, 23) . However, no previous studies have been carried out to systematically evaluate the quantification performance of SWATH dependent upon assay library characteristics. A recent study by Muntel et al. (35) made some progress by evaluating spectral library performance based on DIA analysis of human urine samples focusing on the number and reproducibility of identified peptides and proteins. Their libraries included in-house IDA libraries generated from TripleTOF 5600 and Q Exactive instruments and a comprehensive human external repository library downloaded from SWATHAtlas (10). Unlike Muntel et al., our study using known quantities of spiked-in proteins enabled an evaluation of the quantitation accuracy and detection of differentially expressed proteins. peptides (26) for LC retention time calibration. The iRT method requires these peptides to be prespiked into the protein samples at the sample preparation stage. Although the iRT strategy enables excellent peptide retention time alignment among multiple IDA runs and SWATH data, it also poses limitations as most pre-existing IDA data does not contain any iRT peptides. For example, among the six original assay libraries in this study, five of them do not have any iRT peptides, and only one has five of the 11 iRT peptides. One of the complicating aspects of using iRTs is the issue of ensuring an appropriate quantity of iRT peptides is spiked to samples. The amount has to be sufficiently high enough for the iRT peptide signals to be detectable, but as low as possible to cause minimal interferences to the analytes. The recent CiRT (36) methods alleviate the requirement of spiked peptides but instead require a set of predetermined internal common peptides to be established for alignment. Some other retention time calibration methods require manual selection of a set of reference peptides, which can be tedious and time consuming especially for large data sets, which was demonstrated in our study in the case of using the external standalone library, Lib5_6. SwathXtend does not rely on iRTs or user selected peptides for LC-retention time calibration, but rather uses supervised learning based methods with model optimization and quality control for retention time alignment, so is suitable as a generic workflow for any assay library.
In this study we demonstrate that the quality of the extended assay library is heavily influenced by the quality of matching between the seed library and add-on libraries. A seed library is usually a peptide assay library generated locally using the same instrument and settings as the SWATH-MS experiments. The seed library can be readily generated by an IDA run, which is normally done as a sample preparation and instrument condition check. The IDA run data are used to define SWATH-MS Q1 windows. Besides being easy to acquire, a seed library is also sample and instrument specific therefore has the best retention time matching and ion pattern matching to the SWATH data. The seed library alone can be used to extract SWATH data for high or medium abundant proteins quantification, but to quantitate less abundant proteins it will normally be necessary to add further library depth through library extension. The add-on libraries should be organism specific with high quality matching to the seed library. As demonstrated in supplemental Fig. S5 , highest quality matching will be achieved when the same instrument architecture (or at least a similar fragmentation technique) is used for the seed library and add-on library, where MS/MS features are most consistent.
The matching quality refers to the similarity of the spectra in the seed and add-on assay library, and is dictated by mass spectrometer type and acquisition parameter settings. We used two parameters to assess the matching quality of two assay libraries: retention time correlation and relative ion intensity correlation (Supplemental Fig. S5 ). In this study, Lib2 and Lib3 have the greatest matching quality because they were acquired with two different TripleTOF 5600ϩ mass spectrometers using the same acquisition settings. They showed high correlations for both retention time (R 2 ) and relative ion intensity (Spearman rank correlation median ϭ 0.88). Lib4 IDA data were acquired using a TripleTOF 6600 system which provides higher sensitivity and greater dynamic range compared with the TripleTOF 5600ϩ. However, it is interesting to note that the default collision energy (CE) settings on these two systems are not uniform, resulting in some differences in MS/MS features and ion intensities populating the libraries. We observed the matching quality of Lib2 and Lib4 is lower than that of Lib2 and Lib3 (peptide retention time correlation and relative ion intensity correlation are 0.97 and 0.79, respectively). It should be noted that most of the published assay reference libraries useful for SWATH have been generated on TripleTOF 5600ϩ instruments, and our data illustrates that fewer TP differentially abundant peptides will be identified in attempting to match TripleTOF 6600 SWATH acquisition to TripleTOF 5600ϩ reference assay libraries, unless TripleTOF 6600 CE is adjusted to enable uniform relative ion intensity. Lib5 and Lib6 are repository based proteomewide assay libraries established using TripleTOF 5600ϩ instruments for human and yeast, respectively. The extended reference assay library generated from Lib5 and Lib6, Lib2_5_6, has comparable matching quality, (i.e. retention time correlations are R 2 ϭ 0.99 and 0.98 respectively, and the median relative ion intensity correlations are 0.74 and 0.8 respectively). Lib7 IDA data were acquired using an Orbitrap system with CID fragmentation which yields different MS/MS ions patterns to the TripleTOF-based seed library. Thus, it is no surprise that the matching quality between Lib2 and Lib7 is relatively low compared with the other TripleTOF-based external libraries, with a median relative ion intensity correlation of 0.55. As shown in Table II , the quantitative performance of Lib2_7, was inferior to other extended libraries tested in this study. Using a very large combined library such as, Lib2_5_6 and Lib5_6 can results in high qFDR for differentially abundant protein detection compared with smaller sized libraries (i.e. Lib2_3 and Lib2_4). We attribute this to the significantly larger size of Lib2_5_6 and Lib5_6 (ϳ110,000 peptides) which is 14 times and 6 times larger than Lib2_3 and Lib2_4, respectively. In our study design, where differential detection of yeast proteins are TPs and human proteins are FPs, adding a large number of human proteins (Lib5) to the extended library is equivalent to adding noise (FPs). Therefore, to maintain low qFDR, it is recommended that extended assay libraries should be relevant to the sample being studied (species and tissue type) and should not be excessively large. It is especially important to control qFDR in extended libraries by applying multiple testing corrections or more stringent criteria for differential expression (Table II and Table III) , as discussed later.
ANOVA and pairwise T-Tests were used to identify differentially abundant proteins after data normalization. Statistical analysis showed that the test p value and fold change magnitude should always be used in combination to set the reporting threshold. In most cases, p value less than 0.05 and fold change greater than 1.5 were a satisfactory reporting threshold to identify differentially expressed proteins in the context of this study, where the true expected changes were at least twofold. Depending on the intended follow up applications of the SWATH results, one might choose to use more relaxed criteria which would allow more TP at the expense of additional FP, or more stringent criteria (for example, peptide T-Test or FDR corrected p value or FC greater than 2) which would enable lower qFDR at the expense of some TPs. We found the use of p value FDR correction was particularly useful to reduce FP reports in ANOVA tests when the library size is very large, such as in using proteome-wide libraries (Table II) . However, the p value FDR correction with the conventional cutoff is clearly too stringent for pairwise comparisons, where the statistical analysis power is lower, resulting in very few TP identifications (Table III) . It is therefore desirable to use higher FC thresholds or peptide-level tests to reduce qFDR. One of the advantages of SWATH is that the data can be re-analyzed using targeted MRM peak extraction techniques to verify initial findings. This is compatible with using more relaxed cut off criteria to find protein targets during the initial stage of data processing, followed by targeted MRM analysis using the same SWATH data with manual inspection to minimize FP reports.
In conclusion, this study shows that by using high matching quality extended assay libraries, the number of peptides and proteins extracted as well as the number of correctly identified differentially abundant proteins can be increased while minimizing qFDR. The set of proteins detected as differentially expressed by using the extended assay library and the local comprehensive library are mostly consistent, and the new set of differentially expressed proteins detected by the extended libraries typically show the expected expression pattern. The quantification accuracy of the SWATH data extracted using the extended libraries is similar to that obtained when using the local comprehensive library. It is also noted that an active area of research is to develop bioinformatics approaches that eliminate the use of reference libraries for the interpretation of mixed MS/MS spectra from DIA experiments (17, 37) . It remains to be determined whether these methodologies will replace the need to use reference libraries for SWATH analyses.
Data and package access-The mass spectrometry proteomics data and PeakView annotated SWATH result files have been deposited into the ProteomeXchange Consortium (38) 
